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Abstract

This article presents nonlinear optimisation as a tool for determining the maximum power
output of renewable energy sources connected to the transmission grid. The goal of the
developed model is to maximise the total power generated by these sources while taking
into account the technical and operational constraints of the system. These include per-
missible load on transmission lines and transformers, cross-border exchange balance lim-
its, and the “must run” limits for the operation of conventional power plants. Particular
attention was paid to meeting the N-1 safety criterion, which assumes the system’s resili-
ence to infrastructure failures. Appropriate conditions for post-failure states were incor-
porated into the set of optimisation constraints. A heuristic simulated annealing algorithm
was used to solve the problem, enabling the search for globally optimal solutions in a
discontinuous and highly nonlinear space. The calculations yielded a generation vector
for renewable energy sources connected to individual grid nodes, thus ensuring maxi-
mum utilisation of the available renewable energy potential under the given system con-
ditions. The effectiveness and efficiency of the proposed approach are illustrated with the
example of a test network.

Keywords: optimisation; renewable energy sources; power system; power system
development planning; renewable energy, machine learning

1. Introduction

In recent years, due to the need to meet the European Union requirements formulated
in the RED III directive [1] and in the package of political initiatives collectively known as
the European Green Deal [2], a change in the structure of electricity sources has been no-
ticeable in Poland (as in other countries). As shown in Figure 1 (data for Poland), in 2015,
the installed capacity of photovoltaic sources was only 108 MW, and in 2019, it was al-
ready 1186 MW. Over the next 5 years, a gigantic jump in the installed capacity of sources
using this technology can be observed, as it now exceeds 23.6 GW [3]. This was caused
not only by increased investments by prosumers (in low-voltage networks, power up to
50 kW) but also by the connection of high-power sources to the medium voltage network
(from 1 to several megawatts), to the 110 kV network (several dozen megawatts) and to
the transmission network (over 100 MW.)

Poland is also witnessing dynamic development of wind energy, despite the fact that
in absolute terms, the installed capacity of wind farms has only slightly exceeded 10,000
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MW. A careful analysis of Figure 1 reveals that between 2006 and 2015, the installed ca-
pacity of these sources continued to grow. However, subsequent changes in regulations
(the “Distance” Act [4]) significantly limited the development of wind energy. Between
2015 and 2020, the increase in installed wind capacity was only 835 MW. With the liberal-
isation of the regulatory approach, the increase in installed wind capacity between 2019
and 2024 was another 4 GW. In 2025, the regulations were further liberalised [5], which
should further accelerate the development of this type of renewable energy generation.
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Figure 1. Poland: structure of installed capacity in wind and photovoltaic sources over the years [6].

This article attempts to analyse the issue of estimating the connection capacity in the
power system, with particular emphasis on transmission grid operating conditions. The
need for such analyses stems directly from the provisions of the Energy Law [7], which
requires system operators to publish information regarding available connection capaci-
ties. The purpose of this requirement is to increase the transparency of the investment
process and enable investors to make rational decisions regarding the location of new
generating sources, particularly large-scale renewable energy sources with a capacity ex-
ceeding 100 MW. Generating units of this scale should be connected directly to the high-
voltage transmission grid, i.e., 220 kV and 400 kV. Due to the growing share of renewable
energy sources in the national energy mix and the dynamically changing demand for new
connection capacities, accurate and objective estimation of available network capacity is
becoming crucial for ensuring system stability and the effective development of energy
infrastructure.

It is worth noting that Transmission System Operators in Europe routinely assess the
network capacity within the ENTSO-E capacity calculation methodology, which specifies
procedures for determining cross-zonal capacity, security margins, and corrective actions.
While this work focuses on the detailed formulation of AC SCOPF for a single control
area, the proposed framework is conceptually consistent with these practices by explicitly
considering line load constraints, N-1 security and cross-border exchange constraints. A
more direct integration of the developed method into ENTSO-E capacity calculation pro-
cesses, including flow-based approaches, remains an interesting topic for further work [8—
10].

Introducing renewable energy into the system changes the operating conditions of
the transmission grid, which can result in significant threats: overloading of lines and
transformers and reducing generation in thermal power plants below the technical mini-
mum. An objective estimate of allowable generation from renewable energy should result
from solving an optimisation problem with constraints. Such a problem can be formulated
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in many ways. It is crucial that, at full power generation from renewable energy sources,
none of the constraints related to the aforementioned threats are violated. Furthermore,
these constraints should also be met in the N-1 states. Solving a large-scale optimisation
problem is computationally very time-consuming. The Polish 400/220/110 kV grid model
includes over 4000 nodes and 5000 branches, which requires solving nearly 8000 equations
and checking approximately 5000 current constraints (including those for each of the N-1
states examined). While calculating a single power flow in a given network configuration
takes only a few seconds, solving a full nonlinear optimisation problem with constraints
can take up to several hours. Nevertheless, we decided to tackle this problem, considering
the convergence of the computational process a success. The difficulties that emerged with
classical optimisation methods led the authors to use a heuristic approach and the related
simulated annealing method [11] as the basis for creating a professional computational
tool.

To enable optimisation analyses regarding the integration of renewable energy
sources (RESs) into the national power system, a set of simplifying assumptions has been
adopted for modelling the network. It is assumed that wind farms can only be connected
to 400 kV, 220 kV and 110 kV nodes designated by the Transmission System Operator
(TSO). The optimisation covers both the capacity of existing wind farms and those that
could potentially be connected in the future. To reduce computational complexity, power
consumption from 110 kV busbars may be represented as an equivalent aggregated load.
If necessary, a full model of the distribution network can also be used. The complete and
simplified versions of the power system are shown in Figure 2. In the proposed approach,
networks below the 110 kV level are represented by equivalent active and reactive power
injections on the 110 kV busbars. This simplification is common in TSO-level planning
studies and significantly reduces the size of the optimisation problem, allowing the anal-
ysis to focus on transmission-level constraints, which are typically decisive for connecting
large-capacity renewable energy units. At the same time, this means that local voltage and
congestion issues in the distribution network are not taken into account. Extending the
framework towards a hierarchical or two-level structure, in which a detailed distribution
network model is coupled with transmission network optimisation, is therefore an im-
portant direction for future work, especially in regions with a high penetration of distrib-
uted generation. Power generated by RESs and other distributed generation sources con-
nected to the reduced distribution network is modelled as negative active power values
and included in the balance of equivalent loads. In the nonlinear model, generator nodes
at medium voltage levels and unit transformers in conventional power plants are retained.
The optimisation process aims to maximise the total capacity of RESs that can be con-
nected while maintaining technical and operational system constraints, as well as the
power balance in the system. Furthermore, it is necessary to maintain the cross-border
power exchange balance at a level as close as possible to the baseline conditions, i.e., be-
fore the integration of new wind generation. The connected capacity must not violate the
technical minimum load of conventional units, as this could affect frequency regulation
stability in the system. Finally, each voltage level specified by the TSO is subject to per-
missible power capacity ranges for source connection, which have also been included in
the formulation of the model constraints.

The following sections of this article present a detailed analysis of the issue of RES
power optimisation in the context of transmission grid connection capabilities. The second
section provides a comprehensive literature review focusing on optimisation methods
used in the power industry, with particular emphasis on applications in system planning,
generation resource allocation, and congestion management. Both classical deterministic
methods and heuristic and metaheuristic approaches are discussed, with an emphasis on
their application in uncertainty modelling and nonlinear optimisation of problems related
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to the integration of renewable energy sources. The third section of this article is devoted
to a detailed description of the mathematical model that forms the basis for the optimisa-
tion analyses. It presents the structure of the transmission grid model, along with simpli-
fications introduced to maintain a balance between accuracy and computational feasibil-
ity. The adopted technical constraints, such as line load limits, requirements related to the
operation of conventional units, the foreign exchange balance and the N-1 security crite-
rion, are also described. Particular emphasis is placed on incorporating renewable energy
generation as a decision variable in the nonlinear model. The fourth section presents the
applied optimisation method, the simulated annealing algorithm, which belongs to the
group of heuristic methods and is particularly useful in solving problems with a large
number of variables and nonlinear interdependencies between them. Its adaptation to the
problem of maximising connectable power while meeting complex system constraints is
described. The same section also presents the results of the RES power optimisation con-
ducted under test system conditions, developed as a representative transmission grid
model. This paper concludes with a summary of the obtained results and an indication of
the potential practical implementation of the proposed method in TSO planning pro-
cesses. Limitations of the current approach are also discussed and directions for further
research are proposed, including the development of models that take into account a
greater level of detail of the distribution network and the variability of meteorological
conditions.
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Figure 2. Power system —full model (a); simplified model—reduced 110 kV network (b).

In Figure 2a, the upper ellipse represents the 400/220 kV transmission network with
cross-border interconnections to adjacent control areas and existing generating units,
shown as circular symbols connected to a circuit. The lower ellipse represents the 110 kV
network and its connection to the primary medium voltage (MV) network. The vertical
connections between the two ellipses correspond to transformers connecting the
400/220 kV and 110 kV levels. The arrows indicate the direction of power injection or with-
drawal, while the designations 400 kV, 220 kV and 110 kV indicate the nominal voltage
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levels of the respective connections. In Variant Figure 2b, on the other hand, the 110 kV
network and the medium voltage network have been replaced by collective injections at
the 400/220 kV boundary. The highlighted (red) generator symbols and arrows indicate
renewable energy-generating units whose connection capacities at selected 220 kV and
110 kV nodes are 400 kV are treated as decision variables in optimisation.

2. Literature Review

Due to their universality and flexibility, optimisation methods are widely used in
almost all areas of energy-related research, including:

e Improvement of power system stability [12-14];

e Elimination of line overloads [15-18];

e  Forecasting generation levels of solar and wind sources [19-21];
e  Optimisation of voltage profiles in nodes [22-24];

¢ Advanced optimisation and forecasting methods [25-27];

e  Various aspects of energy storage [28-31];

e Improving power quality [32-34];

e Power system reliability studies [35-38];

¢  Planning network development [39—41];

e  Power system control and automation [42-44];

e  Optimisation of generation placement [45—-47];

¢ Different aspects of cable polling and hybrid generation [48-50].

Paper [51] presents the application of a new metaheuristic method —the Electric Eel
Foraging Optimisation Algorithm (EEFOA)—to the problem of controlling and optimis-
ing the operation of hybrid wind-farm systems and grid-connected photovoltaic sources.
This algorithm was inspired by the biological behaviour of electric eels and demonstrates
high efficiency in finding global solutions with a limited number of iterations. The EEFOA
not only allows for increased energy efficiency and reduced losses in renewable energy
systems but can also be used to optimise the deployment of units and their selection for
specific connection locations in the network. Due to its high convergence and low suscep-
tibility to local minima, this method is applicable to multicriteria analyses related to con-
necting new sources. Wang et al. [52] have proposed an innovative strategy for adaptive
switching of acquisition functions within the Bayesian Optimisation process, applied to a
wind turbine system. The key element of that work is the application of Bayesian Optimi-
sation (BO) under conditions of high variability and uncertainty of input data, which well
reflects actual connection conditions. Although this paper focuses primarily on the farm
system, the optimisation methodology used can be effectively extended to cases of source
allocation to grid nodes. Variable acquisition functions allow for balancing between ex-
ploration and operation, which is crucial for making connection decisions in environ-
ments with limited data or strongly nonlinear dependencies. Paper [53] presents an ap-
proach to transmission-system planning for offshore wind farms that integrates technical
criteria (capacity, voltage stability) with investment cost analysis. In that paper, a machine
learning model was used to assess the impact of various topology variants on transmis-
sion capacity, followed by a multiobjective optimisation algorithm. The results show that
predictive ML models can shorten the planning process and allow for early rejection of
configurations that do not meet the connection criteria. Other examples of work using
machine learning and artificial intelligence to assess the connection capabilities of trans-
mission network nodes include [54-59].

In [60], the authors used a simulated annealing algorithm in combination with hybrid
metaheuristics. That proposed method allowed for the simultaneous consideration of
multiple connection configuration variants and the assessment of their impact on
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investment costs and transmission reliability. That analysis showed that hybridising sim-
ulated annealing with other techniques significantly increases the ability to search the so-
lution space and improves the efficiency of designing connection nodes under technical
and environmental constraints [61] concerning integrated planning of transmission net-
work expansion using modern metaheuristic algorithms, such as the particle swarm opti-
misation (PSO) algorithm and the bat algorithm (BA). Those authors developed a model
that takes into account both technical and economic aspects, including investment costs,
line capacity constraints and system stability requirements. The research results indicated
that the use of metaheuristics allows for a more effective determination of the connection
capacity of transmission network nodes, minimising the risk of overloads and ensuring
optimal power distribution in the system. Article [62] focuses on the optimal placement
and parameter selection of FACTS devices to increase the available transmission capacity
of the network. Metaheuristic optimisation algorithms, such as the genetic algorithm (GA)
and ant colony optimisation algorithm (ACO), were used there to precisely match the lo-
cation and power of devices to the network structure. Simulation results on real transmis-
sion system models confirm that the proposed method allowed for a significant increase
in the connection capacity of nodes while improving voltage stability and reducing trans-
mission losses. The application of heuristic or metaheuristic methods in assessing the con-
nection capacity of transmission network nodes can also be found in [63-66].

In practice, during the planning phase of connecting a renewable energy installation,
investors seek the best possible grid connection point for their installation. Financial insti-
tutions expect reliable expert studies confirming the technical and economic feasibility of
the project. In response to these needs, the presented approach suggests methods for iden-
tifying optimal RES connection locations from the perspective of minimising the risk of
transmission congestion, both under normal conditions and in emergency situations, us-
ing optimisation methods.

3. Description of the Proposed Calculation Method

The step preceding the solution of the power flow problem is to develop an appro-
priate model of the power network, which constitutes a numerical representation of its
topological structure and the parameters of its constituent elements. The model consists
of transmission lines and transformers, represented in a simplified manner as single-phase
two- or four-terminal elements [67-69]. The most commonly used mathematical represen-
tation of a network system in this type of analysis is the admittance nodal matrix, whose
structure reflects the interconnections between the system’s nodes. In this context, a node
is interpreted as a power distribution station or a busbar system within it, serving as the
connection point for sources, loads and other network elements.

From the perspective of control theory and dynamic state analysis, solving the power
flow problem comes down to determining the state vector of the power system. This vec-
tor contains the voltage modules at individual nodes, U, and their arguments, 6, whose
values must satisfy a nonlinear system of equations resulting from the active and reactive
power balances at each node:

s D

which satisfies the network equations taking into account the excitation vector, W
(power received at nodes), and

PL
0,

w =

)
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and the control vector, $ (powers generated in nodes).

|: :|
s =
QG ()

The network equations have the following general form:

s-w-f(x)=0 )
and for each of thei=1 ... N nodes, we can write
P,-P,- f.(U;5)=0 )

0. -0, - f[,(UGd)=0 6)

Taking into account the detailed forms of the functions fr and fo and distinguishing
modules and arguments in the admittances described by complex numbers, we obtained
the following relations:

P, -P, -U,.i[UjYU cos(5,-8,-7,)]=0 @)
j=1

QGi 'QLi _Uii[Ung‘f Sin(é‘i_é‘j_%j)]:o 8)
j=1

For clarity, in (7) and (8), the following symbols are used: Ui, Uj—voltage magnitudes
at nodes i and j; 0i and 0j—voltage phase angles; Yi—element of the nodal admittance
matrix relating nodes i and j, where [Yjl is its magnitude and i is its argument; Pci, Qci—
generated active/reactive power at node i; and P, Qri—load active/reactive power at node
i. The summation index, j, runs over all nodes directly connected to node i.

£, | fo(U)

tions and the system of 2N equations of type (7) and (8) is a system of nonlinear equations

It follows from there that the functions are nonlinear func-
for which it is not possible to determine the solution by the analytical method.

Therefore, from the mathematical and numerical point of view, the solution of the
flow problem comes down to solving the nonlinear system of Equations (7) and (8), where
the number of unknowns may reach several, a dozen or even several tens of thousands
(depending on the extent of the analysed network).

In the present research, Newton’s method, currently one of the most commonly used
computational techniques in power system analysis, was used to solve the power flow
problem. This method originates from the classical theory of a numerical solution of sys-
tems of nonlinear equations and is widely used in both academic and industrial applica-
tions. Its popularity stems from its high computational efficiency and convergence prop-
erties, which, with the appropriate selection of the starting point, allow for obtaining a
high-accuracy solution after only a few iterations. In the context of the power flow prob-
lem, Newton’s method allows for the iterative solution of a nonlinear system of equations
resulting from the active and reactive power balances at each node in the system. These
equations express the relationships between the voltages at the nodes, their phase angles
and the values of generated and consumed power. In each iteration, the system of equa-
tions is linearised using the Jacobi matrix, the correctness and conditions of which posi-
tively influence the stability of the computational process. In the research presented in this
article, Newton’s method plays a key role as a tool used in each iteration of the optimisa-
tion procedure. In the context of applying heuristic algorithms for finding the global op-
timum (such as simulated annealing), each evaluation of the objective function requires
power flow calculations to verify compliance with the system’s technical constraints. In
this sense, Newton’s method is not only a fundamental component of system operating-
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state analysis but also a crucial element in integrating the power flow model with the op-
timisation model. Due to its deterministic nature and high accuracy, this method allows
for the effective identification of line overloads, voltage irregularities and other critical
system states, which is crucial when assessing the feasibility of connecting new generation
sources, including RES farms. This allows for a reliable representation of actual system
operating conditions within the computational model.

The developed optimisation model assumes that conventional (system) power plants
occur only in selected nodes of the analysed grid, consistent with the actual distribution
of generating units in the national power system. In turn, the location of potential RES
farm connections is limited to a set of nodes {Nz} designated by the Transmission System
Operator. These nodes represent technically permissible connection points to the trans-
mission grid, meeting voltage criteria (110 kV, 220 kV or 400 kV) and infrastructure avail-
ability. However, the operator may define certain grid nodes as “non developmental” and
exclude them from the set of nodes with planned generation. In the analysed model, these
nodes are automatically excluded from the set of permitted locations for new RESs. In
accordance with the European Union directives [70], the developed optimisation algo-
rithm should aim to maximise the connection capacity of RES units while maintaining the
maximum generation levels in conventional units and meeting all technical and system
constraints ensuring safe and reliable operation of the power system.

In this context, the objective function of power flow optimisation (F«(s)—the control
vector ensuring ¥, its minimum, is sought) of the OPF (Optimal Power Flow) task is defined
as follows:

F (s)=-2P, ©)
1

where Pcj—active power generated by the RES connected to node j.

As can be seen, the objective function includes a simple summation of selected ele-
ments of the control vector corresponding to the considered network nodes (their number
is defined as Nz), for which new sources can be connected. It is obvious that the elements
of the control vector remain the powers of all sources operating in it (both new and exist-
ing).

In practice, the objective function boils down to summing selected elements of this
vector, corresponding to renewable energy sources at permitted nodes, with optimisation
conducted with strict consideration of voltage, load, control and structural constraints (in-
cluding the N-1). This model allows for a quantitative assessment of the connection po-
tential of system nodes, taking into account their full operational characteristics. It should
be emphasised that the formulation applied in this manuscript is deterministic in nature
and corresponds to a fixed operating point of the power system characterised by a specific
load level and an assumed active power produced by renewable energy sources. In prac-
tice, both quantities are subject to significant uncertainty resulting from forecast errors
and variability in meteorological conditions. Extending the proposed SCOPF model to-
wards stochastic or robust formulations, for example, by considering a set of renewable
energy generation and load scenarios with associated probabilities and by enforcing se-
curity constraints for all or selected subsets of scenarios would further enhance the prac-
tical value of this method. However, such an extension would require a specific procedure
for scenario generation and reduction and therefore remains an important avenue for fu-
ture research but is beyond the scope of this paper. Among the constraints present in the
model, the condition resulting from the need to maintain the technical minimum of the
power system also plays a significant role. This constraint takes the form of an inequality
and applies to the elements of the control vector, particularly the active and reactive pow-
ers generated at individual nodes. Their values are limited, both lower and upper, by the
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rated powers of the generating units connected to a given node and by the operating char-
acteristics of these units relative to their rated powers.

For conventional sources, this means ensuring their operation within an operating
range consistent with the system’s stability and frequency regulation requirements. At the
same time, these constraints cannot be violated by connecting additional generation, even
if there is spare transmission capacity. Considering these conditions in the optimisation
model allows for a realistic assessment of whether and to what extent new renewable en-
ergy sources can be introduced into the system without disrupting its safe and stable op-
eration. This condition is met by satisfying the following relations, (10) and (11):

PGjmax _PGj 20

10
B = Fojmin 20 oo
QGj max QGj 2 O

(11)

QG/‘ - QG/min 2 0

Considering the physical and operational constraints of a power system is an integral
part of any realistic optimisation model. In addition to constraints resulting from the char-
acteristics of generating sources, the transmission constraints of grid infrastructure ele-
ments also play a significant role. In particular, they concern permissible branch power,
i.e., the power transmitted by lines and transformers. These constraints result directly
from maximum current values, exceeding which could lead to negative thermal effects.
For transformers, these constraints are strictly defined by their rated power, while for
transmission lines, especially overhead lines, their estimates may vary depending on en-
vironmental conditions such as ambient temperature, wind speed or solar radiation. For
this reason, in operational practice, a seasonal distinction is most often made between
summer and winter load capacity:

1

ki max

—1, 20 (12)
The abovementioned current flowing in the network branch from node k to node [ is

determined from the formula

JUZ+U; -20,U,cos(8, - 6,)

B Zy

(13)

ki

Another crucial element of the model is the balance of power exchange with foreign
countries. In systems strongly integrated with neighbouring countries, as is the case with
the Polish power system, it is necessary to impose constraints on the allowable balance of
imported or exported power. Formally, this takes the form of inequality constraints, the
parameters of which depend on the number of border nodes and their connections to ex-
ternal systems. When the balance tolerance, APs, takes on a value of zero, this constraint
becomes an equality equation, enforcing strict adherence to the specified level of power
exchange, Ps:

N
Py +AP,=>'>"P,20 (14)
k=1 j=1
Ne I
> B, —P+AP, >0 (15)

k=1 j=1

where [k—number of foreign nodes connected to the k-th node, Nc—number of network
nodes defined as border nodes, Ps—set level of foreign exchange balance, and APs—tol-
erance for maintaining the foreign exchange balance.
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Another equally significant constraint in the model under consideration is the limits
of permissible voltage values at individual network nodes. For each node, these values
are set relative to its rated voltage, Un, and exceeding them could lead to degraded voltage
quality or damage to network and receiving equipment. Considering these constraints
also takes the form of an inequality, encompassing both the lower and upper limits of
permissible voltages:

U__-U >0
Jjmax J
(16)
Uy =Ujmin 20

In parallel with the inequality constraints, the model also includes equality con-
straints resulting from the need to maintain a balance of active and reactive power in the
network. For each network node (i=1 ... N), balance equations must be satisfied, reflecting
the principle of energy conservation in the power system. In particular, for the node
shown in Figure 3, Equations (17) and (18) can be written, which links the generated and
consumed powers with the power flow to neighbouring nodes (marked sasj=1 ... wi).

F,—F,=F, 17)

0, —0,=0; (18)

This means that active power and reactive power resulting from the local balance of
generation and consumption must be transmitted to adjacent network points.

Sci=Pei*jQai

Su=PLQu

' Sri=Pri*jQri

U; &

=1.w;

Figure 3. [llustration of the principles of determining the power balance in the i-th node.

For a power system, the ability to reliably perform generation and transmission func-
tions, even under emergency conditions, is crucial. In practice, checking whether this ca-
pability is maintained in relation to the system network is performed by verifying com-
pliance with the “N-1 criterion.” The number N denotes the number of branches con-
nected to the node in question. The “N-1 criterion” is met when switching off (individu-
ally) each of these branches does not exceed the permissible voltage current parameters,
both in that node and in the entire network. This principle must be met for all network
nodes, excluding radially supplied nodes, for which it cannot be met. Another approach
to checking the “N-1 criterion” is to simply designate a set {Wr} of network elements to be
switched off, and the power flow under emergency conditions will be verified to ensure
that the flow parameters are maintained within the required ranges.

As mentioned above, the N-1 criterion is considered in the nonlinear method as con-
straints resulting from the shutdown of individual network elements. Generally speaking,
each new control vector, drawn using the nonlinear optimisation method, is “set” in the
normal state and N-1 states, and then the constraints are checked. An OPF problem that
considers the N-1 criterion is classified as a SCOPF (security constrain OPF).
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The nonlinear optimisation problem to be solved can be written in the general form:

I (x,w,s) — min (19)
with equality constraints
g(x,mws)=0 (20)
and with inequality constraints
h(x,w,s)20 1)

described in detail above.

4. Organisation and Course of the Calculation Process

Given the difficulties in quickly obtaining solutions to OPF and SCOPF problems us-
ing methods similar to classical ones, identified in the research and confirmed in numer-
ous publications, attention was focused on the possibility of using an alternative method
for solving nonlinear optimisation problems based on heuristics. Heuristic methods do
not require knowledge of the derivative of the objective function and are resistant to dis-
continuities of this function and to the computational process “getting stuck” in a local
minimum. These are universal methods that can be used for calculations with any objec-
tive function [71]. The nature of the problem under consideration (the power flow prob-
lem) is such that the determination of the state vector elements is performed through a
time-consuming iterative process. Although the objective function is in the form of a sum
and therefore easy to optimise, one group of constraints —branch constraints (permissible
line current capacity and transformer power rating) —can only be verified based on the
state vector, which is difficult to determine. In a sense (during the calculations), these con-
straints are implicit, and after incorporating them into the objective function (classical
method of considering constraints), it is not really possible to say what shape the resulting
new objective function will take, and it is subject to minimisation.

Another problem and obstacle to the use of classical optimisation methods is the pos-
sibility of a divergent iterative process, i.e., a failure to find a solution in the power flow
calculation process. In such a case, heuristics can cope with this problem by loading the
power flow data at any point in the calculation process; the best, most recently found so-
lution is not lost, as this vector is remembered at every stage of the calculation. The clas-
sical method, however, would have to be interrupted and the calculations restarted. An
exception to this is linear optimisation [72,73], based, for example, on the Simplex method.

This article uses the simulated annealing method, which is based on an analogy to
the technological process known as annealing. This involves heating a certain amount of
steel to a high temperature and then slowly cooling it (transitioning it to an increasingly
lower energy state).

Among the various metaheuristic methods, simulated annealing was chosen in this
work due to its conceptual simplicity and proven robustness in highly discontinuous
search spaces. In particular, this method does not require gradient information and can
be easily combined with problem-specific neighbourhood definitions and repair operators
that enforce network constraints. A systematic quantitative comparison with other me-
taheuristic methods, such as genetic algorithms, particle swarm optimisation, or hybrid
approaches, would certainly be interesting. However, such a comparative study is beyond
the scope of this paper, the main goal of which is to demonstrate the usefulness of the
nonlinear SCOPF formulation combined with a heuristic global search method for esti-
mating the transmission capacity of transmission level connections under N-1 constraints.

The implementation of the optimisation process using the simulated annealing
method involves randomly selecting points from the starting point’s neighbourhood and
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then finding the point where the objective function takes on the lowest value. Then, the
temperature is lowered and the process begins again. The condition for completing the
algorithm is achieving a temperature (a conventional parameter) lower than the target. In
the implemented Matlab framework, each optimisation was terminated when (i) the best
objective function value did not improve over a specified number of subsequent iterations
or (ii) a predefined upper bound on the number of candidate solutions evaluated was
reached. For the considered 220/110 kV test system, this typically corresponded to several
dozen iterations. The convergence curves showed a rapid decline in the objective function
value in the initial search phase, followed by a slow fine-tuning phase in which only small
improvements were accepted. This behaviour is characteristic of simulated annealing and
indicates that the algorithm is able to effectively approach high-quality solutions for the
investigated SCOPF problem. The simulated annealing algorithm is found in the literature
in [74,75], among others. In [75], the authors describe the application of the simulated an-
nealing algorithm to multicriteria load scheduling and energy storage in the load side of
a modern power system. Those authors demonstrate adaptive control and integration of
the dynamic parameters of the charging network, achieving high control accuracy and
stability. In [76], a method for optimal reconfiguration of distribution networks is pro-
posed, modelled by an improved simulated annealing algorithm with a hybrid cooling
profile (ISA-HC). Those authors demonstrated the effectiveness of the solution on typical
systems with 5, 33, 69 and 94 nodes, indicating better convergence and quality of solutions
compared with existing methods. In the simulated annealing procedure used, the initial
temperature, To, was chosen so that a large fraction of the candidate solutions generated
in the first iteration were accepted, which was empirically verified. The temperature was
then lowered according to a geometric cooling schedule. In each iteration, a new candidate
solution was generated by randomly selecting one RES connection node and perturbing
its active power within predefined bounds while ensuring that all minimum and manxi-
mum limits for individual units were met. Candidate solutions violating network con-
straints (e.g., line current limits or voltage limits) were either rejected or corrected by re-
ducing the corresponding RES output power. The algorithm was terminated when further
iterations did not lead to an improvement on the best known solution.

To assess robustness, the optimisation was repeated from different random seeds;
the best feasible solution and the variability of the obtained objective values were rec-
orded. While a formal proof of global optimality is not available for this highly nonconvex
SCOPF, the combination of multiple independent runs, a strict feasibility enforcement
(normal state and N-1), and consistent convergence behaviour provided practical confi-
dence in solution quality for large-scale systems.

For transparency and auditability, the simulated annealing (SA) search loop used in
this study is summarised in Algorithm 1 in Figure 4. This pseudo-code follows the stand-
ard SA structure and formalises the key steps applied in our workflow: initialisation,
neighbourhood exploration and the temperature update governed by the cooling function
t « f (t, i). In the proposed application, the rating function, F., represents the penalised
objective used to evaluate candidate operating points under the AC power-flow model
and the considered operational constraints (including contingency conditions, where ap-
plicable). The stopping criteria are defined by the adopted termination condition of the
inner loop and the overall detention criterion of the SA procedure. This code is presented
in Figure 4.
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Procedure simulated annealing
Begin
i<—0
initialise t
select a random current point so
rate so
repeat
repeat
select a new point s in the neighbourhood of point s
if Fc(s) < Fc (so0)
then so«—s

else

. Fc(S) — Fe(so)
if random (0,1) <e t

then so«—s
until (termination condition)
te—f(t 1)
1e—i+1
until (stopping criterion)

end

Figure 4. Algorithm 1: simulated annealing algorithm.

This workflow-level description enables straightforward reproduction of the SA
search procedure in other computational environments without relying on tool-specific
code. In the algorithm, t denotes the parameter referred to as the “temperature”; in the
analysed problem, it has no direct physical meaning, and its value governs the acceptance
behaviour and contributes to terminating the computational process via the adopted cool-
ing schedule and stopping criteria. The symbol so represents the current solution at a given
iteration, whereas s denotes a randomly generated candidate solution (random variable)
drawn from the neighbourhood of so. Finally, Fc(s) is the objective function used to rate
candidate solutions.

To effectively utilise this optimisation method, it is necessary to employ a very fast
computational module that solves the flow problem. The PowerWorld computational sys-
tem was used for this purpose in this study. This system includes the SimAuto plug in,
which allows it to connect to external applications (Matlab, Excel, Delphi) primarily for
the purpose of performing flow calculations. It therefore serves as a “computational en-
gine.” The optimisation task was implemented using the Matlab environment and the
simulated annealing algorithm implemented in it. Therefore, the optimisation process it-
self is not described in this article.

The main steps of the proposed calculation procedure are summarised in the
flowchart in Figure 5. Starting from the input network model and operational data (loads,
generator constraints, fault list), the algorithm performs the following steps:

e Initialises the control vector, s, and sets the initial temperature, To;

e Solves the AC power flow for the base case and all N-1 considered faults using New-
ton’s method;

e  Evaluates the objective function and verifies all technical constraints;

e  Generates a new control vector in the neighbourhood of the current solution;
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e  Repeats the power flow and constraint checks for the candidate solution;
e  Updates the best known solution;
e  Then updates the temperature according to the cooling schedule and checks the stop-
ping conditions.
These steps are repeated until the stopping criterion of the simulated annealing algo-
rithm is met.

Start

Input data

Tnitialisation

W

‘ Power-flow solver

W

’ Checking the l

limitations

|

Simulated annealing
algorithm acceptance

1

Temperature
update

Figure 5. Block diagram of the simulated annealing-based computational procedure.

The computations were performed using a modified C7M test network. The test sys-
tem covers the 220/110 kV network after reducing the medium voltage distribution net-
work. The system diagram is shown in Figure 6. The designation “R” denotes the possi-
bility of connecting an RES to a given node. Nodal data are provided in Table 1, generator
data in Table 2 and branch data in Table 3. The balancing node is B02. LIN4 and LIN13
exchange lines connect the 220/110 kV network with the balancing node. An accuracy of
+/= 5 MW was assumed for the exchange balance implementation in solutions ignoring
the N-1 criterion. The 220 kV network connects busbars B02, B09, B08, B07, B05 and B10
via lines LIN2, LIN10, LIN12, LIN11, LIN8 and LIN9, with the upper part of the network
additionally connected to busbar B3H (line LIN4) and busbar B4H (line LIN7). Busbars
B3H and B4H are connected to the 110 kV network via transformers TRA-2 (B3H-B3L)
and TRA-1 (B4H-B4L). The 110 kV network is represented by busbars B01 and B11-B15,
as well as B3L and B4L, which are interconnected by shorter lines LIN20-LIN28 and
LIN21-LIN26-LIN25-LIN24, forming radial power networks fed by 220/110 kV trans-
formers. Circles indicate generating units connected to selected busbars; white symbols
(G-02, G-05, G-4H, G-07) represent existing conventional generators.

The N-1 security assessment was performed for a contingency set comprising all
branch and transformer outages located within the test system shown in Figure 5. Radial
elements were excluded from the outage list, as their disconnection does not represent a
credible N-1 security constraint for the analysed operating point of the test system. The
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selection of the test system and the associated outage set followed the ZIWWE [76] docu-
ment requirements used in connection capability assessments for the Polish Power Sys-
tem. These authors’ longstanding practical experience in preparing connection studies for
generation sources connected to the Polish transmission system was also reflected in the
adopted contingency screening principles.

G-02 GR-3H
LIN4 LIN2
B09
B02 B3H
LING6
TRA-2
GR-01
LIN10
LIN21
LIN24
B4L
B08
B10
B4H LIN12
LIN9
LINS
B03_|

G-4H

©

G-05
Figure 6. Schematic diagram of the 220/110 kV test system.

Table 1. Node data of the test system with nodal powers and voltages before optimisation.

Node Code Un 0 Un Py Qs P4 Qq
- pu ° kv MW Mvar MW Mvar
B02 1.091 0 220 12 52 12 4.8
B05 1.105 23 220 510 151.2 14 255
B06 1.100 -11 220 0 0 30 0
B07 1.100 13 220 585 192.4 15 292.5
B08 1.009 -10 220 - - 210 50
B09 1.006 -25 220 - - 440 110
B10 1.051 -14 220 - - 310 134
B3H 1.068 -17 220 0 0 17 10
B4H 1.068 -8 220 590 208.8 276 236
B01 1.046 -19 110 30 0 18 0
B11 1.037 -19 110 - - 50 16
B12 1.012 -17 110 - - 25 12
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B13 1.024 -19 110 - - 35 21
B14 1.000 -19 110 0 0 40 10
B15 1.022 -18 110 - - 40 12
B3L 1.035 -19 110 - - 50 16
B4L 1.019 -16 110 - - 112 35

Table 2. Source data with permissible power ranges. Type C indicates a thermal power plant; Type

R indicates a renewable source.

Node Code Sn Type Py Prin Prmax
- - MVA - MW MW MW
G-05 B05 720 C 510 100 600
GR-06 B06 500 R 0 0 500
G-07 B07 720 C 585 100 600
GR-3H B3H 100 R 0 0 500
G-4H B4H 720 C 590 100 600
GR-01 B01 100 R 30 0 200
GR-14 B14 100 R 0 0 200
Table 3. Permissible loads in A for lines and MVA for transformers.
Start Node End Node
Branch Code Code Code R X B/2 Imax
- - - Q Q uS A/MVA
LIN28 B3L B4L 24 8 28 880
LIN10 B09 B08 10.7 90 420 875
LIN11 B08 B06 3.5 30.8 180 875
LIN12 B08 B07 6 59.5 300 875
LIN13 B10 B02 5.2 65 320 875
LIN2 B3H B09 5.7 58 290 515
LIN20 B3L BO1 2.5 10.5 53 320
LIN21 BO1 B11 0.6 4 20 320
LIN22 B11 B15 1.8 12 65 320
LIN23 B15 B4L 0.5 4 20 320
LIN24 B4L B12 0.4 3.5 17.5 320
LIN25 B12 B14 1.1 8.1 40.5 320
LIN26 B14 B13 1.1 8.1 40.5 320
LIN27 B13 B3L 0.4 3.5 17.5 320
LIN4 B3H B02 7.8 82.6 410 875
LIN6 B09 B4H 11.7 96 422 875
LIN7 B4H B06 12.7 97 430 875
LINS B4H B05 54 60 305 875
LIN9 B4H B10 5.2 55 290 875
TRA-1 B4H B4L 2.5 254 0 250
TRA-2 B3H B3L 3.9 39.6 0 160

Before the optimisation process, the RES generation in the system was concentrated
exclusively in node BO1 in the 110 kV network and amounted to 30 MW. After solving the
optimisation problem, without taking into account the N-1 criterion, the total RES gener-

ation capacity in the system increased to 1152 MW (Table 4). Table 5 shows the load level

of network components during energy generation from renewable energy sources after

optimization.
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Table 4. Generation structure after optimisation (unit commitment) without N-1 criterion.

Number Py Ux Node Code Source Code
MW kV - -
Generation in RES
1 64 110 BO1 GR-01
2 500 220 B06 GR-06
3 119 110 B14 GR-14
4 469 220 B3H GR-3H
Total 1152 - - -
Generation in Thermal Power Plant
5 200 220 B05 G-05
6 186 220 B0O7 G-07
7 186 220 B4H G-4H
Total 572

Table 5. Load level of network elements during generation in RESs after optimisation.

Branch Code Start Node Code En(Ciol\CIl(;de In/Sn 1/s I/l
- - - (A/MVA)- (A/MVA) (S/Sn)

LIN11 B08 B06 875 601 0.7
LIN12 B08 B07 875 407 0.5
LIN10 B09 B08 875 497 0.6
LIN6 B09 B4H 875 147 0.2
LIN13 B10 B02 875 292 0.3
LIN4 B3H B02 875 302 0.3
LIN2 B3H B09 515 476 0.9
LINS B4H B05 875 451 0.5
LIN7 B4H B06 875 523 0.6
LIN9 B4H B10 875 485 0.5
LIN21 BO1 B11 320 320 1
LIN22 Bl11 B15 320 88 0.3
LIN25 B12 B14 320 320 1
LIN27 B13 B3L 320 230 0.7
LIN26 B14 B13 320 251 0.8
LIN23 B15 B4L 320 154 0.5
LIN20 B3L BO1 320 84 0.3
LIN28 B3L B4L 880 311 0.35
LIN24 B4L B12 320 207 0.65
TRA-2 B3H B3L 160 160 1
TRA-1 B4H B4L 250 50 0.2

The active constraints that influenced the result are the permissible current-carrying
capacities of the LIN21 and LIN25 lines and the rated power of the TRA-1 transformer.
After taking into account the N-1 criterion, it turned out that several branches were over-

loaded after single outages, as shown in Table 6. Therefore, the N-1 criterion had to be

introduced to the inequality constraints of the optimisation problem.

Table 6. Branch overloads during outage conditions (N-1 criterion).

Branch Code Start Node Code End Node Code In/Sn

I/S

I/In

(A/MVA)-

(A/MVA)

(S/Sn)
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LIN2 B3H B09 515 691 1.3
LIN21 BO1 B11 320 417 1.3
LIN25 B12 B14 320 451 1.4
LIN27 B13 B3L 320 375 1.2
LIN26 B14 B13 320 504 1.6
LIN24 B4L B12 320 337 1.05

Optimisation calculations, taking into account emergency and repair conditions, con-
firmed the need to reduce RES generation to 939 MW. This, of course, involved increasing
the power generated by thermal power plants.

Table 7 shows the final distribution of power generated in the test system between
RESs and conventional thermal power plants. It meets all constraints —balance, load and
control —under normal and emergency conditions.

Table 7. Results after optimising power generation in renewable energy sources, taking into account

the N-1 criterion.

Number Py Un Node Code Source Code
MW kv - -
Generation in RES
1 79 110 BO1 GR-01
2 465 220 B06 GR-06
3 74 110 B14 GR-14
4 321 220 B3H GR-3H
Total 939 - - -
Generation in Thermal Power Plants
5 274 220 B05 G-05
6 259 220 B07 G-07
7 259 220 B4H G-4H
Total 792

In addition, the total active power losses were evaluated as the difference between
total generation and total demand at the analysed operating point. For the test system,
this yielded approximately 33 MW before optimisation (1727 MW generation vs. 1694 MW
demand), 23 MW after optimisation without N-1, and 28 MW after optimisation with N-
1. These values confirm that the proposed method does not increase system losses while
maximising the connectable RES power.

As shown in Table 8, the nonlinear optimisation process effectively maximises the
connection capacity of renewable energy sources. At the same time, all constraints of this
process are maintained: power balance (demand versus generation) and minimum gener-
ation values from conventional sources (must-run generation). Appropriate voltage levels
are maintained at network nodes, and the current capacity of any line is not exceeded. As
expected, considering network failure states (N-1) in the optimisation process leads to the
need for some reduction in generation from renewable energy sources, but their share in
the total system generation still exceeds 50%.
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Table 8. Summary of the power values generated in conventional sources (C) and renewable energy
sources (R): states before optimisation; after optimisation, without taking into account failure states;

and after full optimisation.

Source Code

Node Code Before Optimisation Optimisation Without (N-1)  Optimisation with (N-1)

- MW MW MW
G-05 B05 510 200 274
G-07 B07 585 186 259
G-4H B4H 590 186 259
G-02 B02 12 7 9

Total C 1697 (98.2%) 565 (32.9%) 783 (45.5%)
GR-01 B01 30 64 79
GR-06 B06 0 500 465
GR-14 B14 0 119 74
GR-3H B3H 0 469 321

Total R 30 (1.8%) 1152 (67.1%) 939 (54.5)

Total Generation 1727 (100%) 1717 (100%) 1722 (100%)

The conducted research demonstrated that the maximum connection capacity of the
power system for integrating new generation capacity with renewable energy can be ef-
fectively determined by solving a complex nonlinear optimisation problem, taking into
account numerous technical and operational constraints. In particular, the use of the sim-
ulated annealing method allowed for the determination of system operating configura-
tions that maximise the potential for renewable energy generation while maintaining the
required quality parameters of energy supply. For the test network considered, the algo-
rithm demonstrated high operational stability, generating repeatable results across mul-
tiple independent computational runs. Importantly, the optimisation process was charac-
terised by rapid convergence, enabling practical application of the method in planning
and operational analyses. The obtained results confirm that the proposed approach can
be an effective tool supporting investment decisions and the connection of renewable en-
ergy sources to the national power system.

5. Conclusions

The analyses and calculations conducted in this article confirmed that the maximum
connection capacity of a power system for an RES can be effectively determined by solving
a complex nonlinear optimisation problem with constraints. The use of the simulated an-
nealing method allowed for stable, repeatable results in a short computational time,
demonstrating the potential of this method for practical applications, both in planning
and operational analyses. Research conducted on a test model demonstrated that optimis-
ing the distribution and size of RES generation can lead to a significant increase in the
utilisation of renewable energy potential in the system while maintaining an acceptable
level of grid security. An example is the increase in renewable energy generation capacity
to 54.5% of total generation (after optimisation), which demonstrates the scale of possible
connection reserves hidden within the grid structure.

From the energy sector’s perspective, the present approach provides a tool for more
precise planning of power grid development in the context of the growing share of renew-
able sources. The use of nonlinear optimisation allows for the consideration of technical
constraints, such as line capacity limits, permissible voltage drops and transformer load
limits, thus achieving results that can be implemented in real world conditions.

The developed method can find particular application in the following processes:
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¢  Network development planning —enables the identification of areas with the greatest
connection potential and the assessment of the effects of infrastructure expansion or
modernisation;

e  Evaluation of connection applications —allows for quick and objective determination
of the maximum power that can be connected at a given point in the network without
violating the technical conditions;

e Investment analyses—providing data necessary to assess the profitability and risk of
projects related to wind farms and other renewable sources.

In future research, the authors plan to expand these analyses to include models that
account for parameter variability over time, using forecasts of both energy production and
demand. Additionally, consideration will be given to incorporating economic criteria, in-
cluding energy prices and the costs of redispatching operations. Further research in these
areas may enable the development of comprehensive decision support systems capable of
automatically and continuously optimising grid operation while simultaneously consid-
ering technical and economic aspects. Such solutions will result in increased flexibility of
the power system, more efficient use of renewable energy sources, and reduced integra-
tion costs.
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Abbreviations

The following abbreviations are used in this manuscript:

TSO Transmission System Operator

ML Machine learning

XGBoost eXtreme Gradient Boosting Over Decision Trees
MLP Multi-Layer Perceptron

CNN-LSTM Convolutional Neural Network Long Short-Term Memory
EMGRLs  Ensemble Models based on Graph Neural Network and Reinforcement Learning

GNN Graph Neural Networks

RL Reinforcement Learning

EEFOA Electric Eel Foraging Optimisation Algorithm
BO Bayesian Optimisation

PSO Particle swarm optimisation

BA Bat algorithm

GA Genetic algorithm

ACO Ant colony optimisation algorithm

OPF Optimal Power Flow

SCOPF Security Constrain Optimal Power Flow
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